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Introduction
Companies that develop construction objects are responsible for the reliability and safety of buildings and structures and for the identification of causes related to deviation of parameters of technical condition from normative values in the process of operation of these sites. The process of exploitation is long in time so they must process controlled parameters taking into consideration an accumulation of damage and changes in the parameters over time. Analysis of input information is considerably complicated due to a growth in the number of monitored parameters of technical state, which leads to an increase in the risk of the human factor at a rapid decision-making in emergencies.
In the course of integrated automation of lifecycle management of construction objects, automation of a decision-making process becomes more complicated because parameters of a technical state often have dependences between input and output data, which are difficult to for-malize. This means that construction of a clear mathematical model of an object is not always possible. Artificial neural networks (ANN) solve such problems. Their development and implementation will make it possible to reproduce the logic of conclusions by the person who makes decisions under fuzzy conditions based on a knowledge base (KB), and to automate procedures for the estimation of technical state of construction structures. Specialized organizations develop such intelligent systems [1] . However, despite a considerable amount of work done, there is still no a unified technology for the estimation of structures with defects and damage of a different nature. This is explained by complexity of tasks associated with processing and analysis of large volumes of heterogeneous information on defects and damage, which influences differently the states of structures under different conditions. That is why automation of processes of observation, diagnosis and forecasting of technical state of building constructions using an intelligent system in the form of a fuzzy neural network remains relevant.
MODELING AN INTELLIGENT SYSTEM FOR THE ESTIMATION OF TECHNICAL STATE OF CONSTRUCTION STRUCTURES S . T e r e n c h u k 2. Literature review and problem statement
Definition 1. An intelligent system is a knowledge-based system for supporting decision-making and acquring of new knowledge based on the knowledge engineering methods.
It is the knowledge engineering system that defines methods for representation and acquisition of knowledge and an architecture of expert systems due to the unique organization of a knowledge base and management of data by an interpreter (Fig. 1 ).
Fig. 1. System of knowledge engineering of an intelligent system for the estimation of technical state of construction structures
A base of the development of models for estimation is the fact that an expert forms knowledge, which describes application and compiles a knowledge base. Based on the available knowledge and a given target function, metaprocedures of a system generate and execute a procedure for solving a problem and formulate an explanation of the logic of a system according to its internal model [1, 2] . Thus, an intelligent system is an information system that uses a knowledge base and a developed system of software for its processing.
Knowledge's location is in the application program and it forms a single database with an application program when using traditional programming structured languages. However, such an approach makes it possible to draw conclusions provided by the processing program only [3, 4] .
Advantages of artificial neural networks include their capability to learn and to transfer knowledge of experts to the knowledge base of a system in an automated mode ( Fig. 2 ).
Analysis of learning algorithms and results of operation of artificial neural networks of different architecture used in diagnosing the construction structures and materials revealed the following advantages and disadvantages of each of them [5-9]:
1) a Kohonen network (SOM) solves problems of cluster analysis without a trainer, but the quality of a classifier decreases significantly in cases of linearly inseparable spaces of input data, and it is usually impossible to build a linearly separable set of signs of degradation of construction structures [5] ;
2) radially basic functions (RFB-networks) developed to solve classification problems based on the restoration of mixtures of distributions are suitable for conditions where it is difficult to determine a degree of influence of each of environmental factors, but the application of RFB-networks requires organization of a large sample of data for learning [6] ;
3) advantages of networks of adaptive resonance theory (ART) include the capability to perceive new abnormal objects while preserving information on known classes and ability to perform analysis of signals with constraints predetermined by degradation of building materials, provided that a number of essential factors and corresponding coefficients are determined accurately in the process of testing ART model [7] ; 4) a classifier based on a multilayered perceptron is a universal means of approximation of functions, however, a perceptron is not capable of adapting to the appearance of objects from unknown classes and operates with binary values only (0 or 1), since the function of a single jump forms outputs of its neurons [8] ; 5) one can use Hopfield recurrent networks as associative memory i n problems of image recognition by geometric parameter s , but memory capacity compared with the number of standards limits the application of networks of a given architecture for identification of defects and damage to construction structures [8] ; 6) using fuzzy functions at an input/output of a system provides for the capability of fuzzy neural (hybrid) networks to split line a rly inseparable data, but the correct division depends strongly on building a fuzzy set of features for diagnosing an output decision [9] . Definition 2. A fuzzy knowledge base is a set of fuzzy rules if <condition of a rule> then <conclusion of a rule>, which define the relationship between inputs and outputs of the examined object [8] .
In the field o f engineering sciences, a knowledge base is informatio n al tool, which contains all links between all variables of an object and makes it possible [1] :
-to calculat e values of some variables through other variables;
-to determine the first and second derivatives of experimental dependencies;
-to solve both direct and inverse tasks; -to forecast characteristics and properties of unexplored objects;
-to forecast parameters of a process to obtain an object with predetermined characteristics.
One of the main directions for obtaining the knowledge about dynamics of loss of operational qualities of construction structures due to an influence of various factors is analysis and processing of statistical data obtained in the process of monitoring and diagnosis of technical state [10, 11] . However, several problems associated with collection, processing, and accumulation of useful data in the form we obtain them during a survey limits the introduction of a fuzzy knowledge base to the construction industry [10] . Collection of data on the state of structures during operation period and compiling a knowledge base based on experimental studies and knowledge of experts requires the following diagnosis procedures [12] :
-obtaining and specification of characteristics of materials, structures, assemblies and foundations, changes in -analysis of deformations, defects and damages of structures and foundations;
-estimation of the degree of influence of degradation parameters on the state of structures;
-calculations that are necessary for the estimation of technical state.
We should assign a data bank to accumulate data (Fig. 2) . The data bank contains information arrays and data streams on structures necessary for forecasting using artificial neural networks, finding templates that reflect dynamics of the behavior of input parameters adequately.
Here: -experts have a possibility to receive information for fuzzy output and formation of a fuzzy knowledge base [10, 12] ;
-trained neural networks are capable of performing functions of experts [9] .
The base to train a system is the analysis of data and estimates of changes in structures constructed at different times, which have defects and damage of different nature and operate under different conditions, and hybrid technologies combine advantages of fuzzy systems and artificial neural networks [2, 13] .
We apply a "fuzzy inference" module ( Fig. 2) for the engineering of rules, according to which we estimate the technical state of structures. The module works as a "white box", a human expert guarantees its reliability under conditions of uncertainty ( Fig. 1 ). Paper [10] describes expert support for operation of the "fuzzy inference" module, the algorithm for formation and implementation of a fuzzy knowledge base in the process of estimation of the technical state of building structures with a use of the Fuzzy Logic Toolbox of Matlab environment in detail [10] .
Fuzzy implication plays an important role in fuzzy production models that reproduce fuzzy logical considerations of experts.
Definition 3. We call a binary logical operation, the result of which is a false statement, a fuzzy implication (the implication of fuzzy statements) A and B [8] .
A fuzzy cause-effect relationship «R:A→B» takes the form of a fuzzy implication: «if x∈A, then y∈B», where: x is the input variable given in the field of definition of a fuzzy rule X; y is the output variable given in the output definition area Y; A and B are the statements defined on X and Y with measures of membership μ A (x): X→[0,1] and μ B (y):Y→[0,1], respectively.
The truth of a fuzzy implication can take a value determined by one of the formulas [8] :
-Zadeh fuzzy implication:
-Gyodel fuzzy implication:
-Mamdani fuzzy implication:
-Larsen fuzzy implication:
There are also other methods for identification of fuzzy implications. In particular, there are measures of membership, which we obtain by the expert method and the method of clustering used [8, 13] .
There are examples of fuzzy implications based on expert assessments of technical states of various building structures constructed based on models of Mamdani and Sugeno published in [11, 12] . Papers [9, 10] investigate the system of fuzzy output and the algorithm of fuzzy output based on the models of Mamdani and Sugeno [9, 10] .
The fuzzy output algorithm used in [10] [11] [12] makes it possible to build fuzzy implications based on the rules given by fuzzy terms. The study proposes using a fuzzy Takagi-Sugeno-Kang network [8, 14] , which calculates the output result using the Takagi-Sugeno-Kang input function [8, 14] for the evaluation of technical state of construction structures.
The aim and objectives of the study
The objective of this study is to model an intelligent system for the estimation of technical state of construction structures based on one of the modifications of a Takagi-Sugeno-Kang (TSK) fuzzy network.
To accomplish the aim, the following tasks have been set: -to propose a model of structure of TSK fuzzy neural network;
-to adapt the learning algorithm of TSK network to the task of the estimation of technical state of construction structures;
-to substantiate the identification of categories of the technical state of structures.
Modeling an intelligent system for the estimation of technical state of construction structures

1. Designing a Takagi-Sugeno-Kang fuzzy network
A number of rules and a number of input variables determine the structure of Takagi-Sugeno-Kang network [8] . We selected an option where an output parameter y takes the value, which expresses the technical state of construction structures, to evaluate the technical state (Table 1) . For input variables x j (j=1, 2,…, N) and the i-th rule (i= =1, 2,…, M), the output circuit takes the form [8] :
where p ij are the unknown parameters (i=1, 2,…, M, j=1, 2,…, N). The phase function realizes the condition (x i is A i ):
The aggregated output result of the network takes the form: 
Thus: for L=4 values of an output variable, N input variables and M rules, the multilayer Takagi-Sugeno-Kang neural network takes the form (Fig. 3) . 1. The first (parametric) layer with , , ,
parameters, which should be adapted in the learning process, performs fuzzification of variables. w (i=1, 2,…, M). 5. The fifth (normalizing) layer of one neuron performs aggregation of an output signal of a network by the formula (7) .
We can divide parameters to be adapted into two groups: -the first group consists of ij p parameters of the third (linear) layer;
-the second group consists of parameters of the membership function of the first (nonlinear) layer.
A network refines the parameters of the first and third layers only in the process of learning.
We set settings in two stages. Paper [8] describes the algorithm for learning of the artificial neural network of Takagi-Sugeno-Kang in general.
2. Adaptation of the learning algorithm of TSK network to the task of the estimation of technical state of construction structures
We selected an option where an output parameter of a network takes a value that expresses the technical state of constructions to adapt the learning algorithm of Takagi-Sugeno-Kang network to the task of the estimation of technical state of construction structures (Table 1) 
where m is the number of different values (different membership functions) for each variable x j . We can train a fuzzy network: -by an algorithm with a trainer; -by an algorithm of self-organization. We investigate a learning algorithm with a trainer in this study. It minimizes the function:
where k is the number of pairs (x, d) for learning, d (l) is the value of an output signal of a network, which exists at the output at values of components ( ) ( ). The dimension Y is equal to M, the dimension d is equal to K, and the dimension W is equal to . K M ⋅ We can find values ij w′ from formula:
We as ( )
propose to consider a measure of membership in the form:
And a number of K lines is greater than a number of columns (variables).
We find the solution to the system from equation
Stage 2. Clarification of non-linear parameters.
After calculation of values i y (i=1, 2,…, K), we calculate an error . = − E d y We can use methods of gradient descent and random search to minimize an error.
We can mark out a method of "annealing imitation" and a direct method of random search among methods of random search for this task. However, the task of diagnostics of building constructions involves a very large number of input parameters N. An optimal number of rules N M m = is also very large under such conditions, and a use of gradient descent methods and the method of "annealing imitation" requires more computational resources and time costs than the direct method of random search. Paper [8] describes the gradient descent method for Takagi-Sugeno-Kang network [8] .
We propose a direct method of random search for network learning. 
evenly distributed in these intervals; -we find an error vector . E Learning lasts as long as an error reaches an acceptable value. After refining of nonlinear parameters, the process of adaptation of linear parameters of TSK (first stage) restarts.
3. Identification of categories of the technical state of construction structures
A fragment of a fuzzy production knowledge base, which is a system of fuzzy rules for estimation of the technical state of structures with various signs of degradation, consists of fuzzy implications of the form [10] [11] [12] :
Rule 1: if <type of defect = signs of soakage and size of area = insignificant and shape of area = ellipsoid, and position = on areas of wall overlap and temperature influence = absent and humidity influence = absent and soakage influence = slow and vibration influence = absent> then <state = normal>.
Rule 2: if <type of defect = destruction of finishing layer and size of area = insignificant and shape of area = spherical, and position = on ceiling areas and temperature influence = absent and humidity influence = slow and soakage influence = insignificant and vibrations influence= absent> then <state = satisfactory>;
Rule 3: if <type of defect = crack and characteristic = longitudinal and width of opening = large and length = critical and depth = critical and location = along reinforcement and humidity influence = significant and soakage influence = significant and vibrations influence = significant and temperature influence = significant> then <state = emergency>;
Rule 4: <type of defect = corrosion of reinforcement and characteristic = solid surface and shape of area = incorrect and position = in joints between plates and humidity influence = average and soakage influence = absent and vibration influence = significant and temperature influence = average> then <state = unsuitable for normal operation>.
We performed inference of fuzzy rules based on estimations of the technical state of various structures, which operate in different modes and under different conditions. Fig. 4 shows examples of photographic registration of defects and damage observed during surveys of various objects. The output parameter ( ) y x takes its value from a segment [1, 4] .
To identify conditions of construction structures, one can use measures of membership obtained by the expert method [10] and measures of membership obtained by the method of clustering [8, 13] 
A user can choose the method for obtaining a membership measure by himself.
Discussion of modeling results and prospects for the introduction of ANN to the system for the estimation of technical state of construction structures
The tasks related to the problem of automated estimation of technical state of construction structures become widespread not only due to the growing need to ensure operational suitability of construction structures. Modern design practice shows an increase in the number of tasks associated with execution of construction works and reconstruction works in the densely populated urban development. To solve such problems, there is typically a wide set of alternatives for the allocation of combined resources and issues, and decision-making is associated with modeling of fields of random loads and influences in construction structures of surrounding facilities (Fig. 5) . The fact that construction objects have the property to accumulate damage complicates the task of risk management. Transition of a structure from one state to another goes with accumulation of damage, and the accumulation period can be long-term and not always clearly defined. In addition, a number of input parameters is very large, but not all defects and damage affect the technical state of a construction equally. In such circumstances, traditional monitoring and testing methods lose their effectiveness.
The intelligent system for estimation of the technical state of building structures, designed in this study, takes into consideration a fuzzy and non-linear nature of dynamics in damage development through the use of a nonlinear input layer. Applying the nonlinear adders provides another possibility to solve the task of classification of a very large number of data in a network of a smaller dimension.
Automation of monitoring and estimation of technical state of structures using intelligent systems in the form of a neural network ensures significant advantages, however, it requires an information base capable of responding promptly to changes in the technical state of structures and variability of operation conditions. Therefore, there are plans for further study into development of methods for the organization of data collection using modern information technology, into choosing the input variables for a Takagi-Sugeno-Kang network, into construction of fuzzy sets of signs of degradation of structures and development of models of accumulation of damage.
Conclusions
1. We substantiated the topology of the Takagi-Sugeno-Kang fuzzy neural network. Specifically: we defined the network architecture, we defined the rule, according to which a number of elements is determined at the input and the output, we showed the structure of links and described designation of elements of each layer in detail. Building standards determine belonging of a construction to one of the states at the output.
2. We can use results of modeling of random loads, accumulation of damage and forecasting of dynamics of defects in structures in the input data in the process of learning of an intelligent system. An analysis of rules used by experts to identify categories of technical states of building structures showed that Mamdani or Larsen fuzzy implications are best suited for engineering rules according to which it is possible to estimate the technical state.
An amount of computing resources and time necessary for processing of a very large amount of data determined the choice of the learning method.
3. Introduction of the fuzzy neural network by Takagi-Sugeno-Kang to the task of the estimation of technical state of construction structures makes it possible to compare parameters of the technical state with reference values and to make informed decisions regarding identification of technical state categories, which helps to reduce risks of development of uncontrolled defects under conditions of accumulation of damage and analysis of a very large amount of data. used by the investment construction company of the full cycle "DIM group" (Development Investment Management) in the design and construction of residential complexes in Kyiv (Fig. 5 ). Authors express their gratitude to the man-agement of the company for the informational support to the study aimed to introduce the latest, scientifically grounded, technologies and systems to the processes that would ensure reliable and safe operation of buildings and structures.
